"Insight Box": 1 INSIGHT: We present an upgraded bioreaction database useful for the reconstruction of metabol-2 ic networks. Apart from necessary updates due to progress in research and error correction, the 3 database incorporates structural improvements and revised criterions, such as currency metabo-4 lites, reversibility information, reactant pairs, non-enzymatic spontaneous reactions, balanced 5 stoichiometry, and glycans. We combine an automatic approach with manual curation in order to 6 make the reconstructed metabolic networks more accurate and more reliable. 7 For evaluating this database, we encountered the problem of finding biologically feasible shortest 8 paths, which turned out to be hard to compute. 9 INNOVATION: We present new methods to increase the quality of bioreaction databases. 
INTRODUCTION

38
Reconstruction of genome-scale metabolic networks has become a powerful tool for biological studies in 39 recent years (Francke et al., 2005) , mainly due to the rapid development of genome sequencing technology 40 (Margulies et al., 2005) . Network-based approaches can help to improve annotation of genome sequence, 41 to interpret high-throughput omics data, to understand biological processes of pathogenesis or industrial 42 production at a system level, and to rationally control or design biological systems ( . A prerequisite for a reliable reconstruction of metabolic networks is the availabil-45 ity of a bioreaction database that should cover as much as possible information on biochemical reactions.
46
Such a database should also allow for unambiguous and biochemically or physiologically meaningful con-47 nections among the reactant pairs for functional analysis. 48 There are many bioreaction databases which can be helpful for metabolic reconstruction and analysis, 49 including the well-known Roche wall chart of Biochemical Pathways (Michal and Schomburg, 2010) , the 50
BioCyc database and its Pathway Tool (Caspi et al., 2010) , the Kyoto Encyclopedia of Genes and Genomes 51 (KEGG) databases including KEGG PATHWAY for maps of biological processes and KEGG LIGAND for 52 chemical compounds, drugs, glycans and reactions (Kanehisa et al., 2010) , and the BRaunschweig ENzyme 1 DAtabase BRENDA (Scheer et al., 2010) . It is also possible to combine databases in an integrative manner 2 for the reconstruction of metabolic networks to increase reliability (Radrich et al., 2010) . 3 However, the results by applying these databases must be carefully evaluated. For example, the path from 4 glucose to pyruvate via the glycolysis pathway was once calculated as two steps by considering ADP as a 5 conversion hub (Jeong et al., 2000) , which is obviously physiologically not meaningful (Ma and Zeng, 6 2003 a). 7
Ma and Zeng (2003 a) developed a bioreaction database based on the KEGG LIGAND database, and 8 demonstrated its usefulness by reconstruction of high-resolution metabolic networks for over 80 organ -9 isms. In this database, Ma and Zeng defined the reversibility of the reactions according to literature data 10 and biochemistry knowledge and introduced the concept of reactant pairs by considering the currency 11 metabolites. The latter feature was also adopted by recent versions of KEGG LIGAND (Kotera et al., 12 2004 ). All these features are important to reconstruct the metabolic network and allow a more proper anal-13 ysis of network properties such as connectivity, shortest pathway length and modularity. The reaction 14 database of Ma and Zeng has been widely used by different authors.
15
On the other hand, since the release of the bioreaction database of Ma provided by considering the currency metabolites which was demonstrated to be very useful for the analy-23 sis of the overall network property; the reversibility information of the reactions is still incomplete; many 24 spontaneous reactions, in particular the mutarotation reactions of sugars which take place under real physi-25 ological conditions, are missing. Because the diastereomers (α-and β-anomer) are generally distinguished 26 as different compounds in the LIGAND database, the missing of spontaneous mutarotation reactions be-27 tween them may lead to the breakage of the natural utilization pathways of these sugars. The aforemen-28 tioned points (number of reactions, definition of reactant pairs, reversibility) make it necessary for us to 29 continue to upgrade our bioreaction database accordingly.
31
Several parameters can be used for the evaluation of reconstructed metabolic networks based on the data of 32 the mentioned reaction databases representing different quality standards. One important feature is the 33 shortest path between two nodes/metabolites in a network. Because this parameter is based on pure graph 34 theoretical facts, it is in general difficult to use this one to determine biochemically feasible paths. In the reaction R00329: NDP + H 2 O = nucleotide + orthophosphate, the product nucleotide was designated 17
as NMP to avoid ambiguity.
18
Altogether 107 reactions have been corrected in this way. 19
Network reconstruction and analysis 20
The organism-specific metabolic network was reconstructed based on the list of Enzyme Commission 21 numbers (EC) defined for each model organism using the following sources: The relevant reactions were extracted from the reaction database concerning their reversibility as well as 29 reactant pairs by using VBA scripts and transferred into a special network format, which could then be 30
interpreted by programs such as Cytoscape (Christmas et al., 2005) or Pajek (Batagelj and Mrvar, 1998), 31 typically as a metabolic or reaction graph. In the metabolic graph, nodes or vertices represent metabolites.
32
Irreversible reactions are shown as arcs and reversible ones as edges or bi-directed arcs. In the reaction 33 graph the nodes are the reactions while the arcs/edges represent the metabolites (Wagner and Fell, 2001 ).
34
In order to evaluate the impact of the database upgrade, the metabolic networks reconstructed from the 35 former and upgraded databases were analyzed and compared in terms of functional and structural parame-36 ters of the networks, such as modularity-based network decomposition, shortest path, network diameter, 37 average path length, and centrality etc.
38
Network decomposition is necessary for functional analysis of large-scale, genome-wide networks that are 39 often hampered by the problem of combinatorial explosion due to the complexity of networks. Network 40 decomposition is to break the network into biologically meaningful modules so that the connections among 41 the nodes within a module are maximal and those between putative modules are minimal. For many pathways, especially for those involved in the secondary metabolism, which are of increasing 30 biological and biotechnological interest, the upgraded database contains significantly more reactions (Tab. 31
2). 32
Impact of the database upgrade 33
To demonstrate the impact of the database upgrade, the metabolic networks for three model organisms, 34
Homo sapiens (hsa), Aspergillus niger (anig), and Escherichia coli K-12 MG1655 (eco), were reconstruct-35 ed using the different versions of bioreaction databases and compared in details (see Materials and Meth-36 ods). 37
Number of nodes. 38
The networks based on the upgraded database include more reactions and metabolites than those based on 39 the previous database (Tab. 3, Fig. 2 and supplementary Fig. A1 ). The number of metabolites (nodes) in-40 creased in all three examined organisms by more than 50 % while the number of reactions increased by 41 more than 80 %. In the giant strong components (GSC) the number of metabolites and reactions was even 42 doubled. Simultaneously, the number of isolated reactions and metabolites decreased because many in the 43 previous network isolated metabolites and reactions were now reconnected to the major network via the 44 newly introduced reactions ( Fig. 2 and supplementary A1 ). For instance, in the human metabolic network 45 based on the previous database (Fig. 2 A) there was a disconnected subnetwork consisting of 45 reactions 46 (arcs/edges) and 33 metabolites (yellow nodes). As can be seen from Figure 2 , this part is now integrated 47 into the main metabolic network reconstructed from the upgraded database. 
4
A closer analysis shows that 28 metabolites belong to the steroid hormone biosynthesis pathway, two to 5 the bile acid biosynthesis, and one to both pathways. For the left two metabolites there is so far no infor-6 mation available in the KEGG database concerning the pathways involved. It is known that human can 7 synthesize bile acid and steroid hormone de novo. It is logic that their synthesis pathways should be con-8 nected to the main metabolic network. Now with the application of the upgraded database the missing links 9
were identified ( Fig. 2 B and C for details). Responsible for the integration of this part into the main net-10 work are two reactions which belong to both the bile acid and steroid hormone metabolism (R01461 and 11 R01462). Another two reactions, R03310 and R07215, belonging to the steroid hormone metabolism, 12 connect another formerly separated 4-node part (consisting of four metabolites, C01189, C03845, C05110, 13 and C05111, blue nodes) and two new metabolites (C13550 and C15518, that are not defined in the old 14 database, green nodes) into the main network.
15
Of the four connecting reactions (Fig. 2 C) , R07215 only occurs in the upgraded database whereas the 16 other three occur in both versions. The EC number for R03310 has been updated in the new database.
17
Therefore only with the new database, this reaction can be extracted for H. sapiens. Integration of the four-18 metabolite subnetwork is mediated by the reactant pair (cholesterol and cholesta-5,7-dien-3-beta-ol) built 19 from any of the two reactions R03310 and R07215. For the last two closely related reactions (R01461 and 20 R01462), only one reactant pair has been described in the former database while two reactant pairs are 21 defined now in the upgraded database based on the rule of following the C-flow. Exactly the second addi-22 tional reactant pair finally links the isolated 33-node subnetwork to the main network via the reactant pair 23 of cholesterol ester and acyl-CoA built from R01461 or via the pair of cholesterol ester and fatty acid from 24 R01462 (red arcs/edges). The connecting metabolites for the integration of the mentioned subnetworks or 25 parts are labeled by a red border. 26
Node degree.
27 Table 4 shows the number of the first neighbors for 23 potential hub metabolites (i.e. nodes with a rela-28 tively high connection degree) in the organism-specific metabolic networks. Most of the hub metabolites 29 have significantly more first neighbors for each tested organism with the upgraded datasets. For example, 30 acetyl-CoA has 51 first neighbors in the metabolic network of A. niger reconstructed with the updated 31 database, while only 12 first neighbors with the former database. This is mainly due to the increase of 32 reaction number but also because of modified rules for potential currency metabolites and reactant pairs. The estimated average number of first neighbors, (NetworkAnalyzer, undirected graph) is for all organ-36 ism-specific networks based on the former dataset smaller than for those based on the upgraded data mate-37 rial (Tab. 5). The average of node degree (input, output and all) for each organism-specific network (whole network 42 and also the GSC) were estimated by Pajek (Batagelj and Mrvar, 1998) using a directed graph. The num-43 ber of neighbors and the node degree are not mandatory the same because it is possible that two nodes are 44 connected by more than only one arc/edge, e.g. in the case of two irreversible reactions with opposite di-1 rections. Therefore the node degree or connectivity has to be ≥ the number of first or direct neighbors 2 found. The average of node degree slightly increased with the upgraded database (Tab. 5).
3
Another parameter, number of connected pairs (amount of two nodes respectively regarded as a pair of 4 nodes which are connected by edges), shows dramatic differences between the networks (Tab. 5), recon-5 structed using the former and upgraded datasets. With the upgraded database, the number of connected 6 pairs is 3 to 4 times higher than that with the former database, for all compared organisms. More im-7 portantly, the percentage of connected pairs is 53 %-59 % with the upgraded database while 31 % to 38 % 8 with the former database. This means that the network constructed with the upgraded database not only 9 quantitatively has more connected pairs, but is also qualitatively much better inter-connected, which can 10 also be seen from the network pictures intuitively (Fig. 2 and supplementary Fig. A1 ).
11
As we mentioned in the Methods section, the currency metabolites (CMs) cannot be defined per se. In 12 some cases, the potential CMs are treated as normal metabolites. Methods) certainly has influence on the first neighbors of some substances. As an example, L-glutamate 23 has a higher number of neighbors in the new organism-specific networks compared to the older ones (data 24 not shown) but this substance explicitly is not treated as a potential CM in the upgraded reaction database. The increased network complexity (node number and arc/edge number) reasonably have impact on modu-36 larities: the nodes are so densely connected that the breakdown of the network is costly. The question is 37
whether the new decomposition is still biologically meaningful. Ideally, all successive reactions conduct-38 ing a complete metabolic pathway are confined in the same module. However, because one reaction can 39 involve in many metabolic pathways and the metabolic pathways are interconnected, the reactions con-40 ducting a pathway may be decomposed into several modules according to the optimal modularity algo-41 rithms. The less number of modules the specific pathway-belonging reactions are distributed into, the more 42 biologically meaningful the decomposition is. We compared the distribution of metabolic pathway belong-43 ing reactions among the modules. Indeed, for most of the metabolic pathways, the reactions are less dis-44 tributive when the upgraded database is applied. For example, the GSC network of H. sapiens based on the 45 upgraded database has 31 reactions belonging to the valine biosynthesis/degradation pathway, which are 46 partitioned into two modules, while the GSC based on the old database has 10 reactions which are parti-47 tioned into three modules.
48
Interestingly, if we look at the distribution pattern of the belonging pathways across the modules, more 49 pathways tend to be co-present or co-absent when applying the updated database. For example, reactions 50 belonging to the pathways of glutamate and glutamine metabolism, urea cycle, arginine, and proline syn-51 thesis are always found also in three modules in case of the H. sapiens GSC based on the upgraded data, 52 whereas with the former database, reactions belonging to the glutamate and glutamine metabolism are also 53 found in other modules additionally. The same co-distribution pattern are also found for the pathways 54 threonine, methionine, and lysine synthesis, as well as the pathways for pentose phosphate metabolism, 55 purine, folate, and riboflavin synthesis. The co-distribution pattern of these pathways are consistent to their 56 tight biological relations. 57 which yields biologically more feasible paths, but cannot handle large networks due to the computational 8 complexity. The SP from D-glucose to pyruvate based on the upgraded database was shorter than the one 9 based on the former database in all the three organisms studied (Tab. 7). The natural biochemical pathway 10 is often different from the SP calculated. The natural glycolysis pathway is composed of nine steps (i.e. ten 11 nodes/metabolites) from D-glucose to pyruvate (Ma and Zeng, 2003 a). In the network of H. sapiens based 12 on the upgraded database, four glycans which do not belong to the glycolysis were involved in the estimat-13 ed SP from glucose to pyruvate. The higher connectivity degree of the networks based on the upgraded 14 database (which results in alternative short cuts) may be one of the reasons causing shorter SPs.
Changes in further network
15
A biochemical pathway may be longer than a graph-theoretical shortest path because a network contains 16 reversible reactions that lead to shortest paths that are not meaningful in a biochemical sense: Given a 17 reaction that leads from a substrate to two different products and back -such as from 2-dehydro-3-deoxy-18 D-galactonate 6-phosphate (KEGG compound ID: C01286) to glyceraldehyde 3-P (C00118), and pyruvate 19 (C00022) -, it is possible to find a shortest path that leads from one product via the substrate to the other 20 one. To avoid this effect, it is necessary to store the reaction types as labels on the edges of the network, 21
and assure that a shortest path passes no label twice (Rosa da Silva, 2006 and all closeness centrality can be calculated as described previously (Pajek; Batagelj and Mrvar, 1998).
35
For the three model organisms tested here, all three parameters increased when the upgraded data material 36 was applied (Tab. 7), indicating that in general the nodes in the network based on the upgraded data mate-37 rial are more centralized and therefore less peripheral.
38
Average path length and network diameter. The impact of the database update on the average path length 39 of the whole networks (ALW) and of the GSC (ALG) as well as the network diameter (Batagelj and 40 Mrvar, 1998) are shown in Figure 3 and Table 7 for all organism-specific metabolic networks. The values 41 of both parameters for the network based on the updated database are smaller. The ALW is proportional to 42 the network diameter (the correlation coefficient r 2 = 0.97; Fig. 3 A) , revealing that the correlation between 43 these two parameters found previously (Ma and Zeng, 2003 a) is still conserved. And the ALG is also 44 roughly proportional to ALW (r 2 = 0.69, Fig. 3 B) , that is consistent to the previous finding (Ma and Zeng, 45 2003 b) . Though the network properties are altered significantly, such as a decrease in the AL and network 46 diameter and an increase in the average node degree, the new organism-specific networks still belong to 47 scale-free networks (Barabási and Bonabeau, 2003) in general. 48
Glucose subnetwork. 49
The glucose subnetwork is a subset of the whole network, where all the metabolites can be converted 50 (reachable) from glucose. The glucose subnetworks were extracted from the whole network ( Batagelj and Mrvar, 1998), and its features are shown in Table 8 . Similar to the whole network and the 53 GSC, the glucose subnetwork based on the upgraded database shows a higher complexity as indicated by 54 the immense increased number of nodes, the smaller AL value and the smaller distance between glucose 55 and its farthest reachable metabolites. Remarkable is the finding that the estimated AL for the glucose 56 subnetworks based on the upgraded data always shows a value close to eight whereas this value is higher 57 but diverse for those based on the former database (Tab. 8). Further analysis of other organism-specific 58 glucose subnetworks based on the upgraded data material confirmed that many of them also show values 1 for the AL around eight (data not shown). 
Comparison with literature-based metabolic networks. 8
The automatically reconstructed metabolic networks based on the upgraded database were compared with 9 the recent human-curated literature-based metabolic network for H. sapiens and for the yeast S. cerevisiae 10 (sce). In the recent work of Generally speaking, the reconstruction of a metabolic network from literature data costs a lot of time and 24
efforts. Though such network is very reliable due to the direct experimental proofs, it is incomplete due to 25 the limited availability of experimental results. Based on the upgraded reaction database and the easy-to-26 obtain genome annotation information, our method can construct the theoretical metabolic network in 27 minutes. By comparing the automatic reconstruction and the literature-based manual reconstruction as 28 shown in the human and yeast metabolic network above, the automatic construction usually compasses 29 most of the information included in the manual reconstruction, indicating the high accuracy of the auto-30 matic reconstruction. And in addition, the automatic reconstruction usually predicts much more reactions 31 and pathways than reported in the literature, therefore forming many genome-scale hypothesis concerning 32 the new metabolic reactions and metabolic potentials, and finally promoting the organism-specific systems 33 biology studies. 34
COMPUTING SHORTEST PATHS IN METABOLIC NETWORKS
35
In this section, we discuss a difficulty that arises when computing shortest paths in metabolic networks (for 36 example, to evaluate the underlying database): In general, shortest paths computed using a graph-37 theoretical point of view may not be biologically meaningful, as mentioned in the introduction. If the data-38 base is carefully adjusted (i.e., currency metabolites that lead to infeasible shortcuts are removed and re-1 versibility of reactions is modeled accurately), certain shortest paths can be used. These paths have to meet 2 an additional constraint, as described in the following. 3
Let G be a graph (in our case a metabolic network) that consists of a set of vertices (metabolites), V, and a 4 set of edges (reactions), E, where an edge e=(v 1 , v 2 ) connects two vertices of the graph. Given two vertices, 5 sV and tV, a shortest path from s to t in G is a sequence of edges from E that connect s and t using as 6 few edges as possible. A path that is shortest in the sense of graph theory may not be feasible from a bio-7 chemical point of view, because it may use the same reaction twice, as explained in Section 3.2.4. 8
Thus, we are interested only in feasible shortest paths, that is, shortest paths from s to t with distinct reac-9 tion types. Such a path may be longer than a shortest path, see Figure 4 . To store the reactions in the graph, 10 we use labels for the edges. Altogether, a mathematical model for our problem is the following.
11
Problem Shortest Path with Unique Labels (SPUL) 12
Given a graph G=(V, E), a mapping that assigns a label to every edge, and two vertices, sV 13
and tV, find a shortest path P=(e 1 =s, e 2 , ..., e k =t) with pairwise distinct edge labels; that is, for 14 ( ) ( ) 15 
Shortest Paths in Unlabeled Networks
16
Given a graph, G=(V, E), it is quite simple to compute the shortest path between two vertices of the graph.
17
The Breadth-First Search algorithm (BFS), see Algorithm 1, is known to every first-grade student of com-18 puter science. Even if the edges have different length, the problem is still easy to compute using Dijkstra's Note that BFS creates a tree of all shortest paths by storing for every vertex, v, its predecessor, v.father, on 21 the shortest path to the start vertex. Thus, a shortest path from a given vertex to the start vertex can be 22 found simply by following the father pointers. 23
Shortest Paths with Unique Labels 24
Things get considerably harder, if we add labels to the edges and require that no label is passed twice on a 25 path between two vertices. Note that neither BFS nor Dijkstra's algorithm are able to find the feasible 26 shortest path shown in Figure 4 . 27 To express the hardness of a problem, it is very common in computer sciences to estimate the order of 1 growth in the resources (i.e., running time and memory requirements) needed by a program as a function in 2 the input size. In our case, the input size is the number of vertices and edges in the graph. While the run-3 ning time of BFS is linear in the input size (that is, for example, if we double the input size, the running 4 time doubles also), we can show that the running time is most likely to be exponential for shortest paths 5 with unique labels; that is, if we have a graph with v vertices and e edges, the running time is in the order 6 of 2 v+e . More precisely, we can show that our problem belongs to the class of NP-complete problems (Gar-7 ey and Johnson, 1979). It is a widely held belief that there is no sub-exponential solution for NP-complete 8 problems. The impact of this running time is shown in Figure 5 . 9 
Theorem. Given a graph G=(V, E) with a mapping
that assigns a label to every edge, it is 10 NP-complete to determine if there is a path P=(e 1 , e 2 , ..., e k ) that uses every label at most once; that is, 11 for 12 ( ) ( )
13
Proof. We show our theorem using a common technique in computer science known as proof by reduc-14 tion. That is, we take a well-known hard problem─in our case 3-SAT─and show that this problem would 15 be easy to solve if the shortest path with unique labels problem (SPUL) would be easy to solve. This is 16 done by describing how to translate an input to 3-SAT to SPUL such that a solution to SPUL yields a solu-17 tion to 3-SAT.
18
Given a set of binary variables, x 1 , ..., x n , and a set of clauses, C 1 , ..., C m , consisting of three literals (i.e.,
there is an assignment of x 1 , ..., x n to 0 or 1 such that all clauses are fulfilled (Garey and Johnson, 1979).
21
A 3-SAT instance can be transformed to a SPUL instance as follows: For every clause C i we use a clause 22 gadget that consists of three parallel edges labelled with L ik (i.e., with or ̅̅̅̅ for an unnegated or ne-23 gated variable, respectively). The variable gadget for variable x j consists of two parallel paths, one with all 24 negated labels, one with all unnegated labels. For the whole input, we start with a vertex, s, and add all 25 variable gadgets followed by all clause gadgets. The last vertex is labeled t; see Figure 6 . To find a path 26 from s to t, we have to pass either the negated or the unnegated branch for every variable. Thus, after pass-27 ing the variable gadgets we have either all negated or all unnegated variables left to pass the clause gadgets 28 without using a label twice. This is possible if and only if the given formula is satisfiable. □ 29 Figure 6 : Transforming a 3-SAT instance to an SPUL instance.
2
A Memory-Consuming Solution. 3
We use a modified version of BFS to solve our problem, see Algorithm 2. Similar to BFS, we store all 4 paths found so far. But instead of storing a shortest-path tree for the vertices as in BFS, we construct a 5 feasible-shortest-path tree on the edges of the graph, see Figure 7 . That is, we store every possible feasible 6 path leading to a vertex in the tree during the search. When the search reaches a vertex, v, via an edge, e', 7
we can determine if the path to v via e' is feasible (i.e., no label occurs twice). By the BFS-manner of this 8 algorithm, the first feasible path found to a vertex is also the feasible shortest path. The drawback is that 9 the algorithm is quite memory consuming, because it stores all feasible paths to all vertices. 10
Balancing Time and Memory Requirements. 11
To save memory, we used a different solution by exploiting the fact that a metabolic network has many 12 parallel edges. Thus, our search does not have to explore all edges incident to a vertex, but only those edg-13 es that lead to different vertices. Instead of storing one label per edge on a shortest path, we store a set of 14 labels. This significantly decreases the number of shortest paths that we have to store. The drawback is that 15
we have to find a feasible combination of labels when the search progresses (i.e., when we want to add a 16 new edge to a path). This can be solved by a simple backtracking; that is, we successively test combina-17 tions of labels until we either find a feasible combination or no more combination is possible. The idea is 18 that in most cases this backtracking does not require much time, because a feasible combination is found 19 quickly. Only if there is no feasible combination, we have to test all of them. Clearly, this heavily depends 20 on the structure of the input network. Table 10 shows results for large databases. There was not sufficient memory to compute all paths. Thus, 7
we compare the number of paths found until the program was stopped because there was no memory left. 8
It turned out that the memory consuming solution (Alg. A) is much faster than our second approach, but 9 finds less paths. The preprocessing with BFS further improves the number of found paths. Smaller organ-10 isms are compared in Table 11 : We compared the number of (graph theoretically) shortest paths (SP) to the 11 number of shortest paths with unique labels (SPUL). Furthermore, we listed the number of biologically 12 infeasible shortest paths that were found using BFS (i.e., paths such as S→A→B→T in Figure 4) . 13
CONCLUSION
14
In this study, we upgraded the bioreaction database which was first established in 2003 in our group. Comparison of reconstructed organism-specific metabolic networks based on the upgraded database with also human-curated literature-based networks. 
